Differing arresting agents and protocols can be used to synchronize cells in cultures to specific phases of the cell when studying cell cycle gene expressions. Often, data derived from individual experiments are analyzed separately, since no appropriate statistical methodology is available at the moment to analyze the data from all such experiments simultaneously. The focus of this paper is to determine the association and coherence of the relative activation times of cell-cycling genes under different experimental conditions. Using the circular-circular regression model of Downs and Mardia (2002), we define two parameters, a rotation parameter for the angular difference between cells' arresting times (phases) in two cell cycle experiments, and an association parameter to describe the correspondence between the cycle times of maximal expression (phase angles) for a set of genes studied in two experiments. Further, we propose a procedure to assess coherence across multiple experiments, that is, to what extent the circular ordering of the phase angles of genes is maintained across multiple experiments. Coherence of genes across experiments suggests that functionally these genes tend to respond in a stereotypically sequenced way under different experimental conditions. Our proposed methodology is illustrated by applying it to the HeLa cell cycle gene expression data described in Whitfield et al. (2002) .
Introduction
Cell-cycle-related genes are activated at various phases of a cell cycle and hence an important parameter to describe a cell cycle gene is its phase angle of maximal expression, the angle corresponding to its maximum expression level in the cell cycle.
In experiments in vitro, cells are often arrested in one of the phases (G 1 , S, G 2 , or M) of the cell cycle using a blocking agent. Once the cells are synchronized in the culture, they are released to progress through growth and division. Using cells obtained in this manner, researchers identify various cell-cycle-related genes along with their phase angles (Spellman et al., 1998; Whitfield et al., 2002) . In multiple cell cycle experiments, different methods are sometimes used to synchronize cells to specific phases (Whitfield et al., 2002) . Different protocols may lead to different arrest times (or phases) in the cell cycle. Further, it is also possible that the same protocol in two experiments may result in two different arrest times (Whitfield et al., 2002) . Since little is known about which cellcycle-related genes get activated under different conditions, analyzing gene expression data from multiple cell cycle experiments is an important component in identification of cell-cycle-related genes.
Various strategies have been adopted in the literature to identify important cell-cycle genes from multiple cell cycle experiments. For example, Whitfield et al. (2002) ranked cell cycle transcripts within each experiment according to a fit of sinusoidal model with a given periodicity to the temporal gene expression data and with appropriate scaling, then added the ranks of each transcript across experiments to select a few best-ranked transcripts. Zhao et al. (2001) took the set of cycling transcripts that were identified in all the yeast cell cycle experiments (Spellman et al., 1998) as the cell-cycle-related transcripts. Although the primary goal of many cell cycle expression studies is to identify a subset of cell-cycle genes from multiple experiments, an important underlying question is, for a pair of experiments, is the given subset of cell-cycle genes "associated" between experiments? That is, do they behave similarly in their expression patterns across experiments? A precise definition for association is provided in the next section.
Secondly, how "coherent" is the given subset of cell-cycle genes across several experiments? A subset of cell-cycle genes is said to be coherent between experiments (equivalently a set of experiments is said to be coherent) if the true circular ordering of the phase angles between genes in the subset remains same across experiments. If the given subset of cell-cycle genes is coherent across experiments, then that would suggest that functionally these genes tend to relate to each other in a stereotypically sequenced way under different experimental conditions. The above questions relate to the reproducibility of their gene expressions, and the coordination of the transcriptional regulation for the same set of genes under different experimental conditions. The phase angles of maximal gene expression can be expressed as points on a circle.
Consequently, in this article we address the above questions using the circular-circular regression model of Downs and Mardia (2002) . In principle, during a cell cycle, one would expect cell-cycle genes to be well coordinated across different phases, in the absence of any external insults. Consequently, if an experiment is repeated under identical conditions then one would expect the resulting circular distribution of phase angles of cell-cycle genes from the two experiments to be congruent. That is, the data on the circle should be matched perfectly between the two experiments without performing any rotations between them. Of course, when the phase angles are estimated with real data, one would fall short of this ideal, due to imprecision of estimation. If two cell cultures are synchronized to different phases, then one would expect the two resulting sets of data on the circle could be brought to approximate congruence by suitably rotating one of them. Thus, under both these scenarios the phase angles for the cell-cycle genes between the two experiments are associated.
Using the circular regression model of Downs and Mardia (2002) , in Section 2 we provide a formal definition for association of genes between a pair of experiments and describe a procedure for evaluating association. Further, in Section 2 we develop a methodology for assessing the coherence of a subset of genes across experiments. As in Peddada and McDevitt (1996) , where the problem of interest was to match ice floes between a pair of satellite images using the geometry of ice floes, in this article we exploit the geometry of the activation times of a set of cell-cycle genes to determine the coherence of a particular set of genes across experiments. In Section 3 we illustrate the proposed methodology by analyzing the data obtained from Whitfield et al. (2002) .
The model and methodology

Association of genes between two experiments
Circular-linear regression models are well studied in the literature with numerous applications in a variety of fields, including the analysis of circadian rhythm data (Lowery et al., 2000 and Sherman et al., 2000) . Several different formulations of circular regression models are available (Gould, 1969) . One may refer to Downs and Mardia (2002) for a review on this subject. However, circular-circular regression has not been well studied until the recent article by Downs and Mardia (2002) . 
whereω denotes the "slope" parameter of regression. The above model not only allows the estimation of the rotational angle
, but also models a slope parameter ω .
As in Downs and Mardia (2002) Figure 1 (a) is a situation where the points on the two outer circles are obtained by randomly shuffling the points of the innermost circle. Thus for these data, the above circular regression model is not likely to fit at all, and, as in standard linear regression models, one would expect the estimate of the slope parameter ω to be nearly zero for the regression of data from each of the outer circles onto data from the innermost circle.
Alternatively, as in standard linear regression, if ω is significantly different from 0 for the regression of on , then we may conclude that the two variables are associated. In other words, it is possible to predict the values of from u using model (1). We use the test procedure given in Downs and Mardia (2002) for testing the hypothesis If the phase angles of the two outer circles are almost identical to those of the innermost circle ( Figure 1(b) ) then we expect the angle of rotation to be close to 0 radians and the slope parameter ω to be close to 1 for the regression of each of the outer circles onto the innermost circle. The value of ω decreases as mismatches increase between the points on the outer compared to inner circles (Figure 1(a) ) or as the points on the outer circles tend to be much more concentrated than the points on the innermost circle ( Figure 1(c) ).
Coherence of genes in multiple cell cycle experiments
Suppose ( Figures 1(b) and 1(c) the order between the phase angles of the genes is preserved across the three experiments. In such cases it is reasonable to expect the sum of the three estimated angles of rotation to be close to 0, i.e., | is close to 0.
(We adopt the convention that all angles are represented as lying between -π and +π, so that the absolute value lies between 0 and π.) As the genes begin to lose coherence in the circular ordering of their expression across experiments it is reasonable to expect
to stochastically increase. For example in Figure 1 (a) the geometry between circles is destroyed and = 2.2 radians, which is far from 0.
To illustrate the above idea, we conducted a simulation experiment using the phase angles (Columns under A, B and C) given in Table 2 . From the 47×3 matrix of phase angles, we obtained a random matrix of order 47×3 by selecting a simple random sample (with replacement) of 47 rows from Table 2 random samples is plotted in Figure 2 . As expected the cdf of is below the cdf of c at all points, suggesting that is stochastically larger than .
This observation leads us to propose the following criterion to evaluate the coherence of a set of genes across d experiments. Based on g genes, let
denote the estimated rotation angles for the appropriate pair-wise regressions as defined 
Clearly the sample so drawn has no natural pairings between genes across experiments. Thus all pairings are random and we can generate an empirical distribution for c that corresponds to the data under the null hypothesis of no coherence. For each such bootstrap sample, denote the corresponding estimated rotations by . By repeating the above process a large number of times, say 2000 times, we obtain the sampling distribution of |, and hence estimate the probability
The above probability serves as a bootstrap P-value for detecting coherence, with a small P-value suggesting coherence across experiments. In Figure 1 (a) the bootstrap P-value using (2) is 0.58, which suggests a lack of coherence among the three experiments.
Detection of outliers
As in standard regression analysis, it is possible that a few transcripts may not fit the 
is greater than through wrapping around the circle, then this condition cannot be met.) IQR Q 1 3 + 5 .
Illustration
We illustrate the proposed methodology using data from Whitfield et al. (2002) and B the cells were arrested in the S phase of the cell cycle using a double-thymidine block, whereas in experiment C cells were arrested in the M phase using a thymidinenocodazole block. Using Liu et al. (2004) , we obtain the "best" subset of 47 cell cycle transcripts that were identified in all three experiments. The phase angles of these 47 transcripts, as determined by Liu et al. (2004) , are provided in the Table 2 of this paper.
Using the Downs and Mardia (2002) model, we performed all three pair-wise regressions between the phase angles from the three experiments. In each case, using the appropriate residuals, we performed a goodness-of-fit test to see if it is reasonable to assume that the conditional distribution of phase angles in experiment Y given the phase angles in experiment X in the regression Y is von-Mises. We used the test procedure given in The absolute value of the sum of the three rotation angles is 0.06 radians, which appears to be small. The resulting bootstrap P-value (using (2)), for testing the null hypothesis that the experiments are not coherent, is 0.029, suggesting coherence among experiments.
Using the criterion described in section 2.3 we identified outliers from each regression and the results are summarized in Table 3 . In the regression we identified the transcript AA48454 to be an outlier. While we identified no outliers in the regression we identified two potential outliers in the regression , one of which (AA099033) also had a large residual in C | B regression.
To understand the effect of the above outliers on the total variability of the phase angles of a transcript between experiments, for each transcript we computed its total dispersion across the three experiments as follows. Using one of the experiments (we used the experiment B here) as the point of reference, we first "normalized" (by rotation) the remaining experiments (experiments A and C) using the regression-based rotation angle (using A | B and C | B regressions) estimated from equation (1) Transcripts that were declared as outliers by the criterion described in section 2.3 also had very large dispersion (see Table 3 ). Although the transcript AA430511 was not declared as an outlier in any of the three regressions, it had the largest residual in the regression C and had a very large dispersion (0.70). If one were to use the1.5 IQR criterion (section 2.3) on the dispersion variable then AA430511 is a potential outlier.
B |
Discussion and Conclusion
One of the objectives of cell-cycle experiments under different environmental conditions is to understand the effect of the environment on the expression of the cell-cycle genes.
For example, one may want to know the degree of association between the activation times (phase angles) for a set of genes between experiments. Furthermore, one may like to know if the cell-cycle genes are coherent across experiments in the sense that the order of the phase angles between genes is maintained across a range of experimental conditions. Preservation of circular ordering suggests that functionally these genes respond in a sterotypically sequential way under different experimental conditions.
The circular-circular regression model of Downs and Mardia (2002) is flexible and is well suited for the above purpose. It not only provides an estimate of the mean phase difference in the cells' arrest time between two experiments, but also provides an estimate of the degree of association between the phase angles of genes from two experiments. Further, Downs and Mardia (2002) provide a framework for testing lack of association between experiments. Applying the Downs and Mardia model to 47 cellcycle genes that are common to three experiments (Whitfield et al., 2002) , we found that the model links the three sets of phase determinations reasonably well.
In addition to examining the association across pairs of experiments, using the formula given in equation (1), we also obtained the dispersion, described in formula (3), of a gene's activation time around its rotated mean direction across the experiments A, B and C. Among the 47 transcripts, we detected 3 potential outliers(with residuals in parenthesis) as follows: one of the transcripts of AA485454 (1.27 radians) from regression of experiment B on A and the genes CCNE1 (1.35 radians) and USP1 (-1.45 radians) based on the regression of experiment A on C. The large deviations in estimated phase angles in three cell cycle experiments for the three transcripts may arise because of statistical imprecision in their estimation or may be because AA485454, CCNE1, and USP1 are activated on a relative schedule that depends on the arresting agent. Note that the gene CCNE1 was considered as one of the 20 phase marker genes for building phase templates in Whitfield et al. (2002) . However, we designated the gene CCNE1 as an outlier, due to its large variability in activation time (phase) in the three experiments.
Therefore, we would not recommend using the gene CCNE1 maximum expression time (phase) to define the G 1 /S phase boundary.
Note that the overall average dispersion for the 47 genes was 0.16 radians, whereas the above outliers had very large residuals (Table 3) . Although the transcript AA430511 was not declared as a potential outlier in any of the three regressions, it had a very large dispersion (0.70 radians) second only to the gene USP1, which had a dispersion of 0.71 radians. Using the 1.5 IQR criterion of section 2.3 on the dispersion variable, one would find AA430511, with a dispersion of 0.70 radians, to be a possible outlier. Interestingly, from Liu et al. (2004) we note that the phase angles for the above 3 outlier transcripts were estimated with small standard errors for each of the three experiments A, B, and C, suggesting that their apparent variability across experimental protocols was not simply secondary to imprecision of estimation. Although the circular dispersion for each of the 47 transcripts is based on only three cell cycle experiments, the small variations in activating time for most of the transcripts suggest that the sequential activating times for these 47 transcripts are tightly maintained in the cell cycle.
Lack of coherence in the order of phase angles of a set of cell-cycle genes across experiments could mean several things. One possibility is perhaps the quality of some (or all) of the experiments is poor. Secondly, it is possible that the estimated phase angles are subject to large errors in estimation. A third possibility is that the cell-cycle genes may belong to different functional groups, with different responses to the environmental/experimental conditions under study.
In this article we provided a simple statistical approach using the ideas from rigid body motion to assess coherence of across experiments. The basic idea is that if the genes studied in experiments A, B and C are coherent across experiments, then the sum of the rotation angles from A to B and from B to C should be equal to the angle of rotation from A to C. Equivalently, the absolute value of the sum of the rotation angles from A to B, B to C and from C to A should be close to 0. For the Whitfield et al. (2002) 
Based on our analysis, we speculate that there are at least two types of cycling genes in the cell cycle: conditionally dependent genes and conserved genes. The times of maximal expression of the first type of genes may depend on environmental conditions, such as nutrient status, temperature, toxicity, etc, and these genes may even express at different phases under different conditions. The second type of genes would express coherently under a variety of conditions, because they are essential to the cell cycle process. It is possible that most of the cycling genes in A, B, and C listed in the Table 2 belong to the second type. Understanding the roles of relatively conserved cell-cycle genes may help to elucidate the complexity of transcriptional regulatory systems (networks) that control (or are controlled by) the cell cycle.
In the event of lack of coherence across experiments, a researcher may be interested in knowing which experiment(s) is (are) not coherent with others. To identify such experiments one may apply the technique developed in this paper in a sequential or pairwise manner. However, as the number of experiments d increases, the number of possible pair-wise comparisons increases. In ongoing research, we are developing some computational strategies to address this combinatorial problem. The symbol '*' indicates that the P-value for ω = 0 is less than 0.001. Note: (1) the gene symbols in gray are the phase marker genes defined in Whitfield et al. (2002) ; (2) the gene symbols with '*' indicate that the transcripts are considered as outliers based on residuals in each pair regression. 
